Abstract. Removing impulse noise from digital images without altering image details is a central problem in image processing. There is a huge number of filters in the literature that deal with this problem. In the state-of-the-art filters, the removal of impulse noise is usually carried out in two main steps: detection and estimation. In this paper, we show that we can take any impulse noise removal approach, where the noise detection and estimation processes are separable, and enhance its detail preservation capability. Unlike the classical recursive implementation which performs sequential row-byrow scanning, the proposed algorithm maximizes the contribution of noise-free neighbors in detecting and correcting the noisy pixels. Simulation results using standard test images demonstrate the effectiveness of the proposed algorithm in preserving image details.
Introduction
Impulse noise (IN) is a fundamental problem in most image processing applications. There are various sources for IN that occur during the image acquisition, transmission, and storage. Removing IN can be an ultimate goal by itself, for instance, to improve the visual quality of an art work image, or as a preprocessing step for further processing. For example, in many operations that involve computing image derivatives, such as edge detection, any noise in the image can result in serious errors due to noise magnification.
Removing IN is a very challenging task, since IN exhibits a randomness behavior in both pixel's value and spatial location. There is a huge number of techniques that deal with removing IN in digital images, for example, [1] [2] [3] [4] . The performance of impulse denoising filters is usually evaluated in terms of noise suppression or elimination, details preservation, true-value estimation, visual quality, and computational complexity. The choice of the proper filter for a given application is a tradeoff between these performance indices. In the state-ofthe-art filters, the removal of IN is usually carried out in two main stages. The first is detection that examines the presence of noise. Then, if the pixel at hand is noisy, a correction stage estimates the original value of that pixel.
Unlike the classical median filter [5] , the detection stage avoids altering noise-free pixels which results in preserving the image details. As in most local image processing operations, the filtering of IN is performed by scanning the image in a sequential row-by-row basis. In the recursive implementation, half of the neighborhood pixels are already filtered and the other half is still unprocessed, regardless of their noise status. Therefore, the presence of noisy pixel(s) among the unprocessed portion can alter the detection and correction processes.
In this paper, a new recursion approach for removing IN is proposed, which works for any IN removal approach with distinct detection and correction processes. The main aim is to maximize the contribution of noise-free neighbors in detecting and correcting noisy pixels. Intuitively, image regions with lower noise density are filtered before regions with higher noise density. The rest of the paper is organized as follows. Section 2 explains the proposed algorithm in details. Then, Section 3 demonstrates the performance of the proposed algorithms via experimental results. Finally, Section 4 concludes the work of this paper.
The Proposed Algorithm
Given an arbitrary impulse noise removal filter with separable noise detection and correction operations, denoted by NoiseMap and Estimate, respectively. Our aim is to enhance the filter's performance by applying the proposed recursive algorithm, which includes two main steps. In the first, an initial set of noisy pixels is identified, which is called the noise map 1 . Then, these noisy pixels are recursively corrected based on the number of noise-free neighbors. Since the initial noise detection is nonrecursive, the noisy neighbors of each corrected noisy pixel are re-examined to verify whether they are still noisy or not. E is minimum, is selected and its original value is estimated using the function Estimate. Then, p B is removed from B 1 The noise map of a noisy image is a binary image with the same size as the noisy image where foreground and background pixels represent noisy and noise-free pixels, respectively. and the list i E that belongs to the i-th member in p E , if any. Since the algorithm is recursive, the noise status of the corrected pixel's noisy neighbors is updated using the recursive algorithm fUpdate, which is shown in Algorithm 2. If the noise status of any noisy neighbor to the given pixel changes, i.e., becomes noise-free, the neighbor pixel is removed from B and E as done for the corrected pixel. Then, the algorithm executes itself again for the noisy neighbors of the updated pixel. Note that the function fUpdate does not estimate noisy pixels; therefore, the recursion of the function only works when the employed noise detection approach excludes the (processed) noisy neighbors from the detection process. In this case, the change of noise status of a noisy pixel could have an impact on the noise status of the noisy neighbors. The main algorithm iterates until all noisy pixels are estimated, i.e., B becomes empty.
The Modified Peak and Valley Filter
In this paper, the modified peak and valley filter (MPVF) [6] is considered as case study since this filter does not require any parameter tuning and to avoid any bias related to parameter selection when applying the proposed algorithm. The MPVF performs a noise detection test on each pixel following a row-by-row scanning; then, if the pixel is noisy, its original value is estimated using a minimum-maximum approach. It should be noted that we are not interested in the effectiveness of the MPVF, but rather, how the proposed algorithm improves the performance of the MPVF. The impulse noise is of the salt-and-pepper type, i.e., noisy pixels take one of the two extreme values with equal probability. In the remainder of this section, a brief description about the detection and estimation processes of the MPVF is given.
The MPV F is a non-linear, non-iterative filter that is based on order statistics to remove impulsive noise from an image. The filter operates in two steps. In the first step, a pixel is considered noisy if its gray level value is either greater (peak) or smaller (valley) than the gray levels of its neighbors. Then, the corrupted pixel's gray level value is estimated using a recursive minimum maximum method. This noise detection approach is parameter-free and non-iterative which enables the filter to be applicable to all images. In the second step, the recursive minimum maximum method provides an estimate of the corrupted pixels at constant signal as well as edges even when the noise probability is high. More specifically, the MPVF for impulsive noise filtering works as follows: 1. For a 3 × 3 window centered at the test pixel, as shown in Fig. 1 
Experimental Results
In this section, the performance of the proposed algorithm is tested on the modified peak and valley filter (MPVF) [6] as case study. Let MPVF denotes the implemented MPVF using the proposed algorithm. We tested the performance of both MPVF and MPVF on three standard images used by the image processing research community as shown in Fig. 2 . The first image is the first frame of a public domain twelve-frame sequence, known as Hamburg Taxi (190 × 256 pixels), the second is the Cameraman image (256 × 256 pixels), and the third is the well-known Lena image (512 × 512 pixels). These images contain a nice mixture of detail, flat regions, shading, and texture that do a good job of testing various image processing algorithms. We restricted our tests to a 3 × 3 window size. Fig. 3 shows outcomes of the MPVF and MPVF applied to the Cameraman image at impulsive noise probability of 60 %. To assess the quality of the visual appearance, four performance measures are used to compare the filters [7] : the percentage of noisy pixels replaced by the true values (n t ), the percentage of noisy pixels attenuated (n a ), the percentage of true pixels modified (t m ), and the mean squared error between the original noise-free and filtered images (MSE). All images were corrupted with impulsive noise with probability ranging from 1 % to 90 % . Figs. 4 , 5, and 6 show the plots of the four performance measures versus the impulsive noise probability for the Hamburg Taxi, Cameraman, and Lena images, respectively. In terms of noise attenuation, the proposed and classical algorithms have comparable performance. This is due to the fact that the classical approach achieves near 100% noise attenuation. The noise elimination is also comparable since both filters employ the same noise estimator. As shown in all figures, the proposed algorithm achieves significant improvement in terms of details preservation with less modified noise-free pixels by a considerable margin. Finally, the proposed algorithm outperforms the classical algorithm in the MSE sense.
In terms of computation time, Table 1 shows that the proposed algorithm demands more computations than the classical algorithm. The algorithms were implemented in MATLAB 7.4 on PC workstation with a Pentium Duo 2GHz and 2GB RAM, running Windows Vista. It should be noted that these times are for demonstration only since the codes were not optimized and better speeds can be obtained using other programming languages such as C and C++. 
Conclusions
In this work, a new recursion algorithm for removing impulse noise in digital images is proposed. The algorithm gives priority in the estimation to the noisy pixels with greater number of noise-free neighbors; therefore, the contribution of noise-free neighbors in detecting and correcting the noisy pixels is maximized. Simulation results demonstrated the effectiveness of the proposed algorithm in preserving image details. However, the proposed algorithm demands more computations. Our future work in this area includes testing the algorithm with random noise and using other stateof-the-art impulse noise removal filters. 
